Most of genetic diversity studies are based only on quantitative descriptors. The aim of this study was to apply different analysis strategies with quantitative and qualitative descriptors to identify which is the most suitable to integrate descriptors for genetic diversity studies of watermelon (Citrullus lanatus) germplasm using different assays. A total of 20 watermelon accessions were evaluated in the State of Rio Grande do Norte and two commercial cultivars were used as witness (control) (Crimson Sweet and Charleston Gray) in two cultivation seasons (2014/2015), using 49 descriptors, in which 26 were quantitative and 23 were qualitative. The genetic diversity of the accessions was obtained using eight analysis strategies that combined the Mahalanobis Distance, Average Standardized Euclidean Distance (SED), and Weighted Average Euclidean Distance, followed by groupings using the Tocher optimization method. A wide morphological variability was observed between and within accessions. The eight different strategies of genetic dissimilarity analyses resulted in 36 different groups. The clustering strategy, by which dissimilarity between accessions calculated using SED (quantitative descriptors) and WED (qualitative descriptors) is the most suitable for integrating quantitative and qualitative descriptors in genetic diversity studies of watermelon germplasm.
Introduction
The success of crop improvement programs depends on the existence and knowledge of the variability of the species of interest. Characterization and agronomic evaluation are essential steps in germplasm management as they comprise a detailed description of accessions regarding morphological, agronomic, molecular traits and reaction to diseases among others. Characterization is performed by applying descriptors that aid in defining, sorting and identifying the individuals of species and these descriptors might be divided into two groups: quantitative and qualitative (Cruz et al., 2011) . Quantitative descriptors are real-scale, measurable characteristics such as fruit mass and soluble solids. They are generally polygenic and highly influenced by the environment; nonetheless, they are of great interest due to their economic importance (Cruz et al., 2011; Crossa and Franco, 2004) . Qualitative descriptors do not have quantitative values and might be binary or multi-categorical (defined by several categories or classes), i.e., they play a role in the classification of individuals, e.g. pulp color and fruit shape (Sudré et al., 2006) . They are not influenced by the environment, have mono or oligogenic genetic control, and practical, low-cost application, with no sophisticated equipment requirements . However, they can be subjective, requiring an adequate training of evaluators. Aside from providing information on accessions, the use of descriptors allows for checking between-accession genetic diversity and is very helpful in accession's conservation and use. These analyses help to identify parents to be used in crop improvement programs (Cruz et al., 2011) . They also allow for identifying groups with higher similarity on one side, emphasizing the need for new samples and the existence of duplicates on the other, which might be eliminated, reducing costs and workforce required for the conservation of accessions (Gonçalves et al., 2008) . Genetic diversity is obtained through dissimilarity measures. Different methods might be employed and the choice of method depends on the type of descriptor, data collection method and the objectives of the researcher. For quantitative descriptors, Average Standardized Euclidean Distance (SED) and Mahalanobis Distance (MD) are the most frequently used methods (Mohhamadi and Prasanna, 2003) . SED might be obtained through individual observations of accessions without the need for experiments that involve experimental designs. One application is the analysis of data derived from the multiplication of accessions. In these experiments, a large number of plants are cultivated in the field. To facilitate this study, accessions are cultivated in continuous rows without using experimental designs. During plant development and after fruit harvest, it is possible to collect a large amount of information and genetic diversity is obtained using SED.
However, SED considers neither the correlation between the traits studied nor experiment precision. When information derived from experimental assays is available, it is possible to obtain a residual dispersion matrix and the mean of traits. This information allows for estimating the Mahalanobis Distance since this method considers experimental error, this dissimilarity measure is influenced by the same factors that affect the error.
Hence, the more precise the trait estimation is, the lower is its residual variance, and consequently, the higher its contribution to the dissimilarity measure. However, in studies with germplasm, there might be high within-accession variations in traits, mainly with alogamous species, e.g. cucurbits. Such variations contribute to increase of residual variance, and consequently, to reduce the weight of certain variables in estimates of dissimilarity measures and might thus hinder accession differentiation.
There are also several methods to obtain dissimilarity measures for qualitative descriptors. One example is the Weighted Average Euclidean Distance (WED), which is used when accessions show high variability of multicategorical traits and when this variability has been quantified (Cruz et al., 2011) .
Although both types of descriptors are indicated for the characterization of accessions, quantitative descriptors have been a priority due to their economic importance, easy measurement and data analysis. However, the exclusive use of this type of descriptor not always allows for a good separation of accessions. Syafii et al. (2015) studied the genetic diversity of maize accessions using quantitative descriptors based on Euclidean Distance. Syafii et al. (2009) and Rocha et al. (2009) characterized tomato accessions based on quantitative descriptors and calculated betweenaccession dissimilarity using the Mahalanobis Distance. By performing cluster analysis, these authors obtained clusters comprised by a large number of accessions. The use of qualitative descriptors combined with quantitative descriptors might improve the discrimination between accessions.
A survey of publications on vegetable genetic resources conducted by Sudré et al. (2007) revealed that qualitative data are poorly exploited in genetic diversity analyses and are frequently analyzed only by descriptive statistical procedures. In addition, when dissimilarity measures are calculated based on these descriptors, no joint analysis of qualitative and quantitative data is performed, especially in characterizations of more than one assay, which limits the interpretation of results. Neitzkeet al. (2010) and Bento et al. (2007) characterized pepper accessions using qualitative and quantitative descriptors. However, the analysis of genetic diversity was performed separately for each set of descriptors, resulting in different clusters. Therefore, joint data analysis is required to obtain a better indication of the potential for preserved variability in germplasm banks (Torres et al., 2015; Sarkar et al., 2011) .
Joint analysis of quantitative and qualitative descriptors might be performed using three methods. The first one is the conversion of descriptors into one single pattern. Quantitative traits might be converted into binary or multi-categorical qualitative descriptors using different methods. After being transformed, they might be analyzed together with qualitative descriptors and the dissimilarity matrix might be obtained using the adequate methodologies for this type of trait (Martins et al., 2012) . However, this method changes the nature of descriptors and their discriminating potential is thus decreased.
The second method is to adopt one single dissimilarity measure for all types of variables or different dissimilarity measures that have the same defining interval, e.g. Gower's Index (Cruz et al., 2011; Pavoine et al., 2009; Mohhamadi and Prasanna, 2003; Gower, 1971) . However, for multicategorical qualitative variables, this index disregards the frequency of each class, i.e., it does not consider the existing within-accession variability.
The third alternative is to subdivide variables into groups (quantitative and binary, or multi-categorical qualitative descriptors) so that the most suitable dissimilarity measure is used for each group. With this procedure, several dissimilarity matrices are obtained, which might be analyzed separately or generate a joint dissimilarity matrix, whose elements are given by the mean of dissimilarities obtained through each dataset (Cruz et al., 2011 ). An improvement of this method is to use the sum of matrices, instead of the mean, as the latter might conceal the actual divergence between accessions.
Thus, the aim of this study was to apply different statistical analyses for quantitative and qualitative descriptors, using data on watermelon [Citrullus lanatus (Thunb.) Matsum & Nakai] accessions characterized in different assays to identify the most suitable analysis to integrate descriptors in genetic diversity studies.
Results and Discussion

Variability in watermelon accessions
A wide morphological variability was observed between and within the accessions studied. Four descriptors did not meet ANOVA assumptions: two in experiment 1 (cotyledon width and pulp yield) and two in experiment 2 (seed emergence and length). Of the 24 quantitative descriptors submitted to ANOVA in each experiment, a significant between-accession difference was observed for 22 descriptors ( Table 1) . The ratio between the highest and the lowest mean square showed homogeneity of residual variances ; therefore, we performed a joint analysis of experiments. In this regard, there was a significant effect of the interaction genotype × environment on five of the quantitative variables, by which performing the joint analysis was possible (Table  1) . However, as our objective was also to evaluate the clustering pattern of different strategies in each experiment, we also performed the separate analysis of variance. Mean variation coefficient (VC) was 17.8% in experiment 1 and 16.3% in experiment 2 (Table 1) . High variation coefficients are typically found in morphological characterization experiments of watermelon accessions (Oliveira et al., 2008; Silva et al., 2006) . This might be explained by the nature of quantitative traits, which are more sensitive to environmental variations , but also by the existence of genetic variation within accessions. Fruit descriptors were the ones with the highest VC's (Table 1) . Syafii et al. (2008) also observed high VC's for fruit traits, which might indicate that significant between-accession differences are more difficult to detect. The most uniform quantitative descriptors were seed descriptors (seed length, width, and thickness), indicating that these characteristics are the most uniform among accessions. Regarding qualitative descriptors, all of them showed polymorphism between and within accessions and also between the commercial varieties (witnesses) ( Table  2 ). This variation might be influenced by different factors, *Significant using the F test at 5% of significance; ** Significant using the F test at 1% of significance; (-) No information available; a For variables that did not meet ANOVA assumptions in one of the experiments, the joint analysis was not performed; E: emergence; EVI: emergence velocity index; NDL: number of definitive leaves; HL: hypocotyl length; HD: hypocotyl diameter; CL: cotyledon length; CW: cotyledon width; NDOFMF: number of days for the opening of the first male flower; NDOFFF: number of days for the opening of the first female flower; FM: fruit mass; PM: pulp mass; SM: skin mass; CD: cross-section diameter of the fruit; LD: longitudinal diameter of the fruit; MST: mean skin thickness; PY: pulp yield; TTA: total titratable acidity; SS: soluble solids of the pulp; VCC: Vitamin C content; M100S: mass of 100 seeds; TSM: total seed mass; NSF: number of seeds per fruit; NS100P: number of seeds per 100 g of pulp; ST: seed thickness; SL: seed length; and SW: seed width. 1  1  4  3  3  3  2  4  2  2  3  3  3  3  2  3  2  3  2  2  3  3  2  2  60  2  1  4  2  3  3  2  4  2  2  4  3  4  3  2  3  2  3  3  2  3  3  2  4  64  3  1  3  3  3  3  2  4  2  1  3  3  3  4  3  3  2  2  2  2  2  2  2  2  57  4  1  4  2  3  3  3  2  2  1  3  3  4  3  2  3  2  3  3  2  2  2  1  1  55  5  1  4  2  4  3  2  3  2  2  3  4  3  4 1  5  2  4  3  3  3  2  2  3  2  3  3  2  3  65  33  2  4  2  3  3  3  6  2  2  5  3  4  2  3  3  1  1  1  2  2  3  1  1  59  34  1  4  2  3  3  1  1  2  2  2  2  3  3  2  3  2  3  2  2  2  3  2  1  51  36  3  4  2  4  3  1  5  2  2  4  4  4  5  3  3  2  3  2  2  3  4  2  4  71  40  1  4  2  3  3  1  3  1  1  2  4  4  3  2  3  2  3  3  2  2  2  2  4  57  41  1  3  2  3  3  1  4  2  1  3  3  4  3  3  3  2  3  2  2  2  2  2  2  56  42  1  4  2  3  3  2  3  2  2  3  3  3  4  3  3  2  3  2  2  3  3  2  2  60  46  1  4  3  4  3  2  4  1  1  3  4  4  4  3  3  2  3  3  1  1  1  2  3  60  Crimson Sweet  1  4  2  3  2  1  1  1  1  3  3  2  1  2  2  1  1  1  2  2  2  2  2  42  Charleston Gray 1  4  2  4  3  1  2  1  1  3  2  1  2  2  3  2  2  2  2  3  4  2  2  51  ∑ of classes  25  82  48  72  64  41  80  37  33  71  68  78  69  50  62  40  55  48  42  54  59  40  49 PLD: primary lobulation degree; SLD: secondary lobulation degree; LC: leaf color; SAP: shape of the apical part; SPS: size of pistil scar; PBC: predominant background color; SSP: skin stripe pattern; IC: internal collapse; FL: free leaves; FS: fruit shape; PPC: predominant pulp color; SPC: secondary pulp color; CPS: color of the pulp around seeds; SC: seed color; ISC: intensity of seed color; PP: presence of pleurogram; UP: uniformity of pleurogram; PC: pleurogram color; PS: presence of stripes; TS: type of stripe; SC: stripe color; PC: presence of channels; and CC: color of channels. , 7, 18, 3, 2, 5, 36, 15, 11, 46, 42, 34, 8, 1, 33, 27, 41, 17, CG AB1 1 4, 7, 18, 3, 2, 5, 36, 15, 11, 46, 42, 34, 8, 1, 33 , 27   2  12, CS  2  17, 41  3  40  3  40  4  12   Ct1   1  3 , 15, 4, 2, 5, 18, 1, 17, 7, 36, 42, 11, 33, 34, 46, 8, 41, 40, 27, CG C1 1 3, 15, 4, 2, 5, 18, 1, 17, 7, 36, 42, 11, 33 , 41, 18, 2, 7, 36, 3, 42, 33, 5, 34, 46, 17, CG AB2 1 11, 41, 18, 2, 7, 36, 3, 42, 33, 5, 34, 46, 17 2, 4, 3, 18, 46, 41, 15, 7, 36, 5, 11, 33 C2 1 8, 34, 1, 2, 4, 3, 18, 46, 41, 15, 7, 36, 5, 11, 33, 42 , 34, 2, 18, 3, 4, 15, 41, 46, 5, 7, 36, 11, 33, 17, 42, 1 G12 1 7, 36, 17, 15, 41, 1, 4, 2, 3, 18, 5, 46, 11, 34, 42, 33 2, 4, 15, 40, 17, 7, 41, 18, 3, 46, 27, 42, 11, 12, 34, 8 , 4, 2, 7, 18, 17, 41, 15, 3, 42 I12 1 1, 4, 2, 18, 15, 41, 17, 7, 3, 46, 11, 36, 42 such as: subjectivity of some qualitative descriptors, which might hinder the evaluation process; small environmental effects suffered by these descriptors; and culture management by farmers, who do not control pollinations and frequently mix and exchange seeds from different genotypes, which also contributes to the variability observed. Out of 23 qualitative descriptors evaluated, there could be 23 to 82 classes within each accession. Among accessions, classes ranged from 48 to 71. For the witnesses, Crimson Sweet and Charleston Gray, the number of classes were 42 and 51, respectively, thus emphasizing a higher variability in CG.
Analysis of genetic diversity of accessions in each experiment
The different strategies of genetic dissimilarity analysis in each experiment resulted in 20 clusters (Tables 3 and 4) . Comparing the clusters generated within each experiment, we observed that accessions were clustered differently according to the strategy adopted. Syafii et al. (2011) reported that high differences between clusters might occur due to the biological response of accessions to different environments, and are not necessarily caused by the use of inadequate statistical methodologies. However, this differentiated cluster pattern between experiments reveals the need for investigating methods that minimize the effect of the interaction G × E on cluster patterns.
We observed differences in the methods for separation of accessions; however, due to the high number of clustering strategies, interpreting this difference proved complicated. Therefore, it was necessary to separately analyze dissimilarities between clusters generated in the analyses of each experiment to better analyze the consistency of each cluster strategy and similarity between strategies (Table 5) .
Analyses of quantitative descriptors AB (MD and SED) and C (SED) showed similar clusters in both experiments, with and without witnesses (Table 5) . When comparing them in each experiment, clustering strategies AB and C with witnesses equally allocated 19 accessions in experiment 1 (Table 3) and equally allocated 15 accessions in experiment 2 (Table 4) . When witnesses were removed, AB and C equally allocated 16 and 17 accessions in experiments 1 and 2, respectively. When we evaluated commercial cultivars (witnesses) and accessions, witnesses typically formed separate clusters and accessions form one or few clusters. This segregation has already been observed between cultivar Crimson Sweet (CS) and accessions collected in Mossoró-RN and in three regions of Bahia, with data evaluated using graphic dispersion, the generalized Mahalanobis distance, and the UPGMA method (Oliveira et al., 2008; Silva et al., 2006) . Segregation between accessions and commercial cultivars is due to two factors. The first one is that most quantitative traits of commercial types are superior compared to accessions. The second one is the use of generalized Mahalanobis distance for dissimilarity calculation. This method interprets the existing within-accession variation as lack of precision, which minimizes the importance of these traits in dissimilarity calculation. As the commercial types (witnesses) are very uniform, they show higher dissimilarity values and thus tend to form isolated groups. In our study, this tendency was more evident in experiment 1, which had a higher experimental variation coefficient (Table 1) in clusters ABt 1 and Ct 1 (Table 3) . The use of different clustering strategies using quantitative descriptors made it possible for accessions to be clustered similarly in both experiments (Table 5 ). The clustering pattern was maintained when strategies AB and C were compared between experiments 1 and 2 (Tables 3 and 4) . Strategies AB t1 and AB t2 , C t1 and C t2 equally allocated 17 and 16 accessions in the presence of witnesses, and 14 and 17 accessions when witnesses were removed (AB 1 and AB 2 , C 1 and C 2 ), respectively. Such fact might have occurred due to both the absence of high variations in environmental conditions during the experiments and to good experimental precision. The cluster obtained by qualitative descriptors (D) differed from clusters obtained by quantitative descriptors (AB and C) in all situations, except for experiment 2 with witnesses (D t2 ) ( Table 5 ). In experiment 1 with or without witnesses, strategy D allocated only eight to nine accessions similarly to AB and C (Table 3) . On the other hand, the number of coincidences between D, AB, and C ranged from 9 to 12 (Table 4) in experiment 2. In characterizations of pepper accessions, a similar situation was observed (Neitzke et al., 2010; Bento et al., 2007) . This emphasizes the need for using the two groups of descriptors in germplasm characterization, since they access different regions of the plant genome. In addition, it reinforces the importance of integrating these groups for a more consistent analysis of the genetic diversity of accessions .
Comparing the clusters generated from qualitative descriptors in both experiments (Table 5) , matrices D 1 and D 2 were divergent as they clustered accessions differently. Only eight accessions were equally allocated by clusters D t1 and D t2 (with witnesses). When witnesses were removed, D 1 and D 2 equally clustered nine accessions. Several factors might have contributed to this divergence in the clustering pattern generated using qualitative descriptors, such as high withinaccession variability (Table 2) , small environmental effects that might influence qualitative descriptors, and the participation of different evaluators in each experiment (Ramalho et al., 2005) . Within-accession variability might be detected by increasing the number of individuals in the plot, but this would result in increased workforce and area for conducting experiments, which is not always possible. Another aspect needs to be highlighted is the variation in environmental conditions, which is sometimes out of control. The caution must be taken to well-characterize the environment of each evaluation, allocate blocks to homogeneous soil strips, and to keep crops and phytosanitary treatments identical between assays. Aside from good training, evaluators are required to use well-elaborated photographic scales to decrease subjectivity in evaluations and to make it possible to isolate the factors that might influence the consistency of clusters when only using qualitative descriptors.
Clusters resulting from the sum of qualitative and quantitative descriptors (E and F) did not follow a clustering pattern, and they were sometimes allocated with clusters derived from quantitative descriptors (AB and C), and sometimes with qualitative descriptors (D) ( Table 5 ).
Considering that dissimilarity matrices E and F are formed by two components, and because one of them is equal for both (component D-qualitative), the strategy which determines the difference between them is the one employed for the calculation of the dissimilarity between quantitative descriptors. As only two of the 26 descriptors in each experiment did not meet ANOVA assumptions (Table 1) , the dissimilarity calculated by strategy AB is comprised of almost exclusively by the fraction calculated using the generalized Mahalanobis distance.
Thus, in experiment 1, the higher VC for quantitative descriptors reduced the dissimilarity between accessions in E 1 , allocating them to the same group as AB 1 and C 1 . Since Euclidean distance suffers a much lower influence of withinaccession variation, cluster F 1 was allocated together with D 1 . The lower variation in experiment 2 allocated clusters E 2 , F 2 , and D 2 to the same group (Table 5) . This means that in experiments with a lower experimental variation coefficient, the use of average Standardized Euclidean distance tends to equally cluster accessions as opposed to the Mahalanobis Distance.
Joint analysis of experiments
With the purpose of obtaining a cluster that contemplates both assays, the joint analysis of experiments resulted in eight dissimilarity matrices and 16 clusters (presence and absence of witnesses). Again, witnesses influenced clustering patterns and, knowing that this tendency has already been observed in other studies (Oliveira et al., 2008; Silva et al., 2007; Souza et al., 2004) , we performed analysis interpretation without witnesses to better visualize the between-accession variability in this study (Table 6) .
Similarly to separate experiments, there was variation in group and accession allocation inside clusters. Interpreting this wide variation was easier when we performed the study of dissimilarity between these clusters using the method by Cole-Rodgers et al. (1997) , forming three groups (Table 7) .
Some patterns already observed in separate analyses, where maintained in the joint analysis of experiments. Thus, when we analyzed the clusters generated by the quantitative matrices AB 12 and C 12 without witnesses, we observed that they remained allocated to the same group. The cluster resulting from matrix G (obtained by using the average Standardized Euclidean Distance applied to the overall means of quantitative variables from both experiments) was also allocated to the same group of matrices AB 12 and C 12 . Cluster H was allocated to the same group, despite the fact that it resulted from a matrix that integrates only qualitative data.
Cluster D 12 also maintained the same pattern observed in separate experiments, and it was allocated to a different group. It is worth noting that by using qualitative descriptors, there was a variation in clusters between experiment 1 and experiment 2 (Table 5) , whether due to within-accession variations to the characterization environment, and/or to the low interaction between these factors. In this setting, D 12 , which derived from the sum of matrices generated in separate experiments, contemplates these effects and corrects this influence as it discriminates accessions inside each experimental condition and sums up this dissimilarity, unlike matrix H.
Matrices that integrate quantitative and qualitative data of both experiments are represented by the letters E, F, and I. These matrices generated different clustering patterns of accessions, since each one was allocated to separate groups. Matrix I results from the sum of matrices G (quantitative) and H (qualitative) and was allocated together with the group of predominantly quantitative descriptors. However, matrices G and H did not contemplate the environmental effect. In other words, the relative performance of accessions according to environmental variations was concealed, as matrix G results from the overall mean of quantitative variables in assays and matrix H considers all individuals evaluated as if they were in one single experiment. It is important to emphasize that 19% of quantitative descriptors showed significant genotype x environment interaction (Table 1) , which explains the inconsistencies present in the clustering patterns that used these strategies.
To mitigate the effect of the interaction G × E on quantitative data and potential influences that already reported for qualitative data, matrices E and F stood out as important alternatives. However, some observations are in place, as clusters generated by these matrices (E 12 and F 12 ) were also allocated to different groups.
In cluster E 12 (AB 12 + D 12 ), the dissimilarity of quantitative data was obtained using MD. As previously explained in the separate analysis, this methodology considers withinaccession variability with no precision, reducing the importance of these variables in total dissimilarity, causing E 12 to be allocated to the same group of qualitative descriptors represented by D 12 . Therefore, this strategy was not the most suitable one for this set of accessions, with high within-accession variability (Table 1) . However, for a set of uniform accessions, e.g. autogamous plants or endogamous strains of alogamous or mixed plants, this is the most suitable strategy as it weighs each variable according to the precision, by which it was evaluated.
In cluster F 12 (C 12 + D 12 ), quantitative data dissimilarity was obtained using SED. Although this dissimilarity measure does not consider the precision of data collected (Cruz et al., 2011) , matrix F 12 contemplates the interaction G × E, since it results from the sum of the matrices obtained for each experiment. Moreover, in each experiment, the means of quantitative data derive from experiments with local control, which also reduces the environmental effect in each experiment.
Thus, the cluster generated by matrix F 12 was the most suitable one for the group of accessions studied. Although this dissimilarity measure (SED) is indicated for experiments without experimental designs Mohhamadi and Prasanna, 2003) , a design with local control is recommended for watermelon germplasm characterization with high within-accession variability. This is mainly in order to obtain means that are less influenced by the environment, and the use of SED is recommended to obtain a dissimilarity matrix between accessions.
The strategy F is typically used in accession diversity in principal component analysis (PCA), which shows advantages as it allows obtaining dissimilarity matrices based on both quantitative and qualitative descriptors using the most suitable methods (SED and WED) for each type of descriptor. In addition, Tocher's clustering allows for the partitioning of genotypes when the number of groups to be formed is not previously known, which also decreases subjectivity in the graphical analysis (PCA) of diversity.
For a better insight into what defines each group, a detailed study of the cluster generated by matrix F 12 will allow for the morphoagronomic characteristics. These accessions collected from the State of Rio Grande do Sul which to be well documented and subsidize their use in crop improvement programs. In addition, it shall allow for identifying groups with higher similarity; thus, emphasizing the need for new samples and the existence of replicates, which might be eliminated to reduce costs and the workforce required for the conservation of accessions (Cruz et al., 2011; Marim et al., 2009) . Strategy F might be used for the study of genetic diversity in other cucurbit species, such as melon and pumpkin, which might also show high within-accession genetic variability (Santos, 2015; Lima Neto, 2013; Priori et al., 2012; Buso et al., 2004; Silva et al., 1997) .
Materials and Methods
Cultivation site and season
The experiments were conducted at the Experimental Field of the Department of Technology and Social Sciences of the State University of Bahia (DTCS/UNEB) in the municipality of Juazeiro -BA (09º 24' 50" S; 40º 30' 10" W; 368 m of altitude) in randomized blocks with three replicates, during two seasons: rainy, from December 2014 to March 2015 (97.0 mm of total rainfall) and dry, from April to July 2015 (38.0 mm of total rainfall). A total of 20 watermelon accessions collected in the State of Rio Grande do Norte, with two commercial cultivars as witnesses, Crimson Sweet (Feltrin Sementes Ltda.) and Charleston Gray (Sementes do Vale Ltda), were evaluated (Supplementary Table 1 ). Technical recommendations for this culture in the region have been adopted.
Descriptors evaluated
A total of 49 descriptors (26 quantitative and 23 qualitative) were applied and subdivided according to the phenological phases of the culture (Supplementary Table 2 ). In the seedlings phase, there were seven descriptors: emergence percentage, emergence velocity index, number of definitive leaves, hypocotyl length and diameter, cotyledon length and diameter. Two descriptors in the vegetative phase: degree of primary and secondary lobulation of the leaf and leaf color. Two in the reproductive phase: number of days for the opening of the first male flower and of the female flower. Twenty descriptors related to fruit: fruit mass, skin mass, pulp mass, mean skin thickness, cross-section and longitudinal diameter of the fruit, pulp yield, titratable acidity, soluble solids, vitamin C content, shape of the apical part, size of the pistil scar, predominant background color, skin strip pattern, internal collapse, presence of free seeds, fruit shape, predominant pulp color, secondary pulp color, and color of the pulp around the seeds. Seventeen descriptors related to seed: mass of 100 seeds, total seed mass, total number of seeds, seed length, width, and thickness, number of seeds in 100 g of pulp, color and intensity of seed color, presence, evenness and color of pleurogram, presence, type, and color of strips, presence and color of channels.
Statistical analyses
Statistical analyses were performed using the Genes Software for Genetics and Statistics (Cruz, 2013) . Initially, we observed normality and homogeneity of quantitative variables; those that did not meet the assumptions of analysis of variance (ANOVA) were transformed. Variables that did not meet assumptions even after transformation were discarded from the analysis of variance. Separate and Joint analyses of variance were performed for both experiments. Genetic diversity of accessions was obtained using eight different strategies, which varied according to the nature of the variable, whether or not they met ANOVA assumptions, and separate or joint analysis of the experiments. The term "strategy" refers to a group of statistical procedures used to analyze data.
Separate analysis of experiments
Dissimilarity matrices between accessions were obtained using five different strategies for each experiment. For quantitative variables, two strategies were used based on whether they met ANOVA assumptions or not. In strategy 1, the analysis of variance was performed for quantitative variables with normal distribution. For these variables, dissimilarity matrix A was obtained by using the Mahalanobis Distance (MD). For variables that did not meet ANOVA assumptions, dissimilarity matrix B was obtained using the Average Standardized Euclidean Distance (SED). Afterwards, matrices A and B were summed up, resulting in matrix AB. In strategy 2, there was no separation of quantitative variables and dissimilarity matrix C was obtained using SED (Figure 1) .
For qualitative variables, we used the method of Weighted Average Euclidean Distance (WED) to obtain dissimilarity matrix D, and this process was called Strategy 3. The interaction between different types of descriptors (quantitative and qualitative) was performed as follows ( Figure 1) ; using the sum of matrices AB and D, resulting in dissimilarity matrix E (Strategy 4), and by the sum of matrices C and D, resulting in dissimilarity matrix F (Strategy 5). Although joint dissimilarity matrix is reportedly obtained by taking the average of individual dissimilarities (Cruz et al., 2011) , we applied the sum of individual matrices. This is because one inconvenience of using the mean of matrices is that the discriminating potential of accessions in each individual matrix might be concealed by their mean and there is a risk of obtaining a cluster pattern that is not compatible with the genetic diversity of accessions.
After obtaining each dissimilarity matrix (AB, C, D, E, and F), we generated two clusters, with and without witnesses, using Tocher's optimization method .
Joint analysis of experiments
The joint analysis of experiments was performed using two methods. The first one was the sum of dissimilarity matrices of each strategy in both experiments, resulting in matrices: AB 1 + AB 2 = AB 12 ; C 1 + C 2 = C 12 ; D 1 + D 2 = D 12 ; AB 12 + D 12 = E 12 ; C 12 + D 12 = F 12 (Figure 2) .
The second joint analysis of experiments was performed by directly integrating the data from both experiments. First for quantitative traits, the overall average was obtained for the accessions considering all individuals in both experiments. After that, genetic distances were obtained using SED, resulting in dissimilarity matrix G (Strategy 6).
For qualitative data, dissimilarity matrix H was obtained using WED based on scores of all individuals analyzed (Strategy 7). Finally, the integration of qualitative and quantitative data was obtained by the sum of matrices G and H, generating dissimilarity matrix I (Strategy 8). In the joint analyses, clusters were also formed, with and without witnesses, using Tocher's optimization method (Figure 2) .
A total of 36 clusters were obtained through the eight strategies. To facilitate the interpretation of these results, the dissimilarity between different clusters was calculated using the analysis of multicategorical descriptors with binary pattern proposed by Cole-Rodgers et al. (1997) :
Where: and are the number of agreements types 1-1 and 0-0 for the j th variable, respectively; and are the number of disagreements types 1-0 and 0-1 for the j th variables, respectively.
Each cluster represented a treatment and each group represented a multicategorical variable with 22 or 20 classes for treatments with or without witnesses, respectively. Hence, when an accession belonged to a group, it was scored 1, and if it were absent, it was scored 0. After data tabulation, we performed dissimilarity and cluster analyses using Tocher's method for clusters of each experiment separately and for those derived from the joint analysis.
Conclusion
The sum of matrices obtained by the Average Standardized Euclidean Distance and Weighted Average Euclidean Distance is the most suitable strategy for the integration of quantitative and qualitative descriptors of watermelon accessions, respectively. The matrices obtained through this strategy in different assays must be summed up, so that one single matrix is obtained for studies of genetic diversity in watermelon germplasm.
